INTRODUCTION

For the classification of the condition quality of HV assets, norms are necessary to determine the necessity of successive maintenance actions or replacement. E.g. A PD source is not always harmful to the asset's insulation in the short term. To distinguish the condition state of an asset, decision support needs to be developed. One way to develop this decision support is using statistical analysis on large numbers of field measurement data for the determination of experience norms for different diagnostic properties applicable for condition assessment of HV assets, in order to find a base for rejection of an asset.
During the last 8 years, large amounts of condition related data of different HV components are collected. This data can be used to perform data analysis on different levels. The datamining in this paper are carried out using a condition database [1] , which contains all the information of the asset characteristics and its related diagnostic information. The aim of data mining is to find intelligible patterns which are not predicted by established theory [3] . From the collected data in the database, see figure 1, statistical In the first part of the paper, examples for necessity of decision support for diagnostics are described, After this, different practical examples will be described of datamining and determination of diagnostic norms for condition assessment, followed by a discussion on the decision support based on statistical analysis. The paper will be mainly based on the PD detection of power cables.
DIAGNOSTIC NORMS
Diagnostic norms are necessary for an effective application of maintenance, and in particular condition based maintenance. By using the diagnostic norms, different areas of risks of a particular diagnostic property can be determined. However, how to determine such areas of safe operation for a diagnostic property is still not always possible nowadays. The exact moment of failure is very difficult to determine, and in particular dependent on different influences. The approach in this paper is actually more from the point of view of asset management, namely to reduce the number of outages (at least keep at the same level) and maintenance costs under acceptable risks in the operation of power networks.
In following part, the effect of the determination of diagnostic norms is described for PD detection on distribution power cables. To define critical levels of PD properties for different defect types in cable insulation is still not possible [2] . The variety of defects and the great number of influencing factors for power cables in service are the main reasons why the exact moment of failure cannot be predicted, based on diagnostics. In case a large number of field measurement data for a large number of cable components are available, data mining is an effective tool. To describe a PD process in a power cable system under investigation, a diagnostic tool generates multiple diagnostic properties. This variety of PD properties is related to the insulation deterioration processes for different types of cable components. The combination of PD properties together with the localization of the PD source contains the information to decide on the maintenance actions.
To find rejection levels of different properties, visual inspections of the replaced cable components are often performed after PD measurements. A confirmation of replacement actions is obtained by opening a cable 
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Session No 1 component and making a visual analysis of those defects, which may have a relation to the detected PD activity. As the PD properties are known from the measurement, knowledge on PD properties may be related to a specific defect type.
However, it is very difficult to get the general relations between the PD symptoms and the forensic evidence. In most cases, when a cable component is inspected, only a limited view of the interior of the opened component is obtained.
In order to open a component destructive actions are needed, which will influence the accuracy of the inspection. The analysis of the forensic evidence is often performed with the subjective judgments in the visual inspection. E.g., it is not possible to visually analyse if the electric field at the location of a cavity in the insulation is high enough to ignite PD.
When a cable component is opened usually more defects can be found. These manually constructed components often show additional defects enclosed. It is always difficult to visually find the relation between the found defects and the detected PD properties. Figure 2 shows an example of a visual inspection of a cable joint. The found evidence, protrusions on the press connector and missing fabric wrapping in the middle (upper figure) can be related to the measured PD activity. However, evidences of continuing insulation degradation, as a result of the found defects, are hard to find.
The relation between the PD symptoms and the forensic evidence is mostly inaccurate. The solution for the analysis of a diagnosis of a cable system (or its components) is to make comparisons to other measurements results, which can be performed in two different ways, as illustrated in figure 3: 1. Time analysis: Comparison of a PD property to the properties as obtained in previous measurements on the same object. If the trend of a PD property is negative (e.g. increasing PD magnitudes), this indicates that from the point of view of that property the condition of that component decreases. Trending of power cable condition may be time and cost consuming, but shows the progress of a degradation process clearly. A trend-line together with a norm level will contribute to a failure prediction. 2. Type analysis: Comparison of a PD property to that same type of properties, as obtained for the total population of the same specific component type. If a PD property of a specific component is out of the range of the typical observations, this indicates that from the point of view of that property the condition of that component deviates from the ´normal´ condition of the total population. As a result, the statistical response of a PD property, as obtained in a measurement, can be compared to the true population of that PD property. To disclaim a sample belonging to a certain population, a sample is generally found outside the 90% or 95% confidence interval of the true population. Both of the above described analysis shows that there is an independent way to determine diagnostic norms for condition assessment. Tolerance levels are necessary to asses the deviation of a diagnostic property in relation to time or population. These tolerance levels can be determined independently by making statistical analyses for large amount of condition data. From these large amounts of data, the statistical distributions can be obtained for the different diagnostic properties. The populations used for the statistical analysis should be representative for the total population of the full network. EXAMPLES OF DETEMINATION OF DIAGNOSTIC Example of the determination (oil insulated joints) of the experience norms for the PD amplitude levels (N= 44). The applied distribution type for the PD amplitude level is a Weibull distribution. By using calculations on the distribution, rejection levels can be determined, e.g. at 95%.
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NORMS BY STATISTICAL ANALYSIS
The statistical analysis, as described in this section, is applicable for the so-called 1D diagnostic properties. The scatter in the distributions of the populations can be rather large, due to relative few observations. For statistical analysis of the different properties, the condition data can be indicated by the type and the shape of the distribution. Calculations on the representative distributions can be performed to determine the deviation of a diagnostic property or to determine the deviation limits (norms) for a population of a property.
In order to obtain experience norms, the different diagnostic properties should be gathered per type of asset. From the condition data, different statistical distributions can be obtained dependent on the type of diagnostic properties. The distribution used for the statistical analysis should be representative for the total population of the full network. Figure 4 shows examples of different PD diagnostic properties for distribution power cables [2] .
In this example, for the PD level, a Weibull distribution can be applied. Partial discharges are breakdowns across a small part of the insulating material as a result of locally increased field strength. Weibull statistics estimate the probability that the insulation of an object partially breaks down as a result of the weakest link. Weibull statistics are used in this thesis for PD magnitudes as a mathematical fitting of the distributions of the PD magnitude levels and not due to a physical base. The Weibull statistic deals with the different kinds of shapes of the distribution of PD amplitude levels.
The two parameter Weibull cumulative density function (CDF) is described by:
where q is the detected PD amplitude level, q 0 is the Weibull scale parameter and η is the Weibull shape parameter. The parameters η and q 0 can than be determined from the sampled measurement data. The confidence limits (red lines) indicate a bandwidth of the scale parameter q 0 .
For the PD occurrence frequency at a location, the Poisson distributions can be applied. The PD occurrence frequency (PDOF) for the applied PD diagnostics will be assumed as a Poisson distribution. The PDOF is the number of PDs occurring in a specific time interval T. For the applied diagnostics, this fixed time interval is the time interval as is used for the PD location, which is approximately 2.6ms per DAC voltage. If this time interval is divided into n subintervals, a PD occurrence in one subinterval can be seen as the occurrence of an event. Each subinterval can than be viewed as a Bernoulli trial, which is independent from another. The probability of the occurrence of an event in a subinterval can than be reflected as p=α/n, where α is the average number of events observed in the time span T.
The probability density function (PDF) of the distribution of the PD occurrence frequency is described by:
The parameter ξ is proportional to the mean of the distribution of measured data to be analysed. If the sample mean of the PDOF of a distribution is determined, calculations can be performed according to the PDF in equation 2.
After the determination of the type and the shape of a distribution, the required rejection levels are calculated. As the distribution represents the true population, calculations can be performed for the definitions of the norm levels of the different diagnostic properties. The diagnostic norm level can be determined at e.g. the 95% level of the distribution. This diagnostic norm determines that the remaining part of the distribution is typical for this diagnostic property and for this asset and will not fail inside the next maintenance interval.
E.g. in figure 4 , the scale parameter q 0 (5101) and the shape parameter η (1.24) of the PD amplitude level at U 0 of oil insulated joints are determined. The experience norm for this example is determined with the Weibull distribution. From the distribution, the experience norm can be calculated with equation 1 at 95%, as is illustrated in figure 4 . The norm for this example can than be determined as 12358pC. The accuracy of the norm level is determined by the confidence bounds of the CDF. The diagnostic norm of the PD occurrence frequency can be calculated from the obtained PDF of the PD occurrence frequency. When the mean value of the PD occurrence frequency is calculated from the collected condition data, the factor α of the Poisson distribution is known. That value of factor k, which results in a value nearest but below the 0.95, is the obtained norm for the component type. This result can also be obtained graphically with the cumulative distribution The determined diagnostic norms are dependent on the goals of the asset manager. If the failure rate of a component increases, the experience norm should be adapted so more defective components are taken out of service. Even so, if the condition assessments interval is increased from 5 to 10 years, the experience norm can be decreased to keep the risk level at the same level. Furthermore, as real-time condition data is used of large populations of various assets, the determinations of rejection is obtained in an independent manner. Also the data is obtained from those service-aged assets for which the diagnostic norms are determined.
DECISION SUPPORT
Combining the component data with the condition data as obtained using diagnostic inspections can be used to develop decision support for asset management. In general, the outcome of decision support is based on the categorisation of the condition of an asset in: -Condition OK, asset is in good condition; -Condition Suspect, asset needs further attention but can be taken in operation in the short term; -Condition Not OK, asset cannot be taken in operation, as the risk of outage is to large, immediate action in needed to get the asset in good condition. In figure 6 an example of the decision support for distribution power cables is reflected [2] .
The above-described approach gives the opportunity of sustaining the advised maintenance actions in case of a critical decision. Per component in the diagnosed asset, the measurement values and the diagnostic norms can be compared. The condition assessment is the technical input for the overall decision. Economical influencing factors, as outage costs, or the social influencing factors, as imago loss, may result in another successive maintenance action as is resulting from the condition diagnosis.
CONCLUSIONS
For the optimal asset condition assessment, knowledge on the criticality of measured condition data is required. In many situations, there are no standard international norms available for the determination of the asset quality. From this paper, the following conclusions can be drawn: 1. In order to perform statistical analysis the diagnostic properties of an asset, different diagnostic properties are allocated to a type of distribution. After the determination of the type of distribution for a diagnostic property, the characteristic parameters are determined; 2. The diagnostic norm level is defined as that part of the distribution that deviates too much, e.g. the top 5% of a distribution. This diagnostic norm should contain the acceptable risk from the point of view of the asset owner and to be adaptable if the failure rate of an asset increases or maintenance strategy changes; 3. The actual condition of an asset and its components can be determined by using the combination of different diagnostic properties.
